The electronic version of this article is the complete one and can be found online at http://genomebiology. 
The recent availability of complete genome sequences of a number of organisms and the development of powerful microarray technologies [1] [2] [3] allow the determination of the comparative expression levels of all the genes in a cell, tissue or organism. A common paradigm is to compare the transcriptome patterns of two or more experimental treatments or biological backgrounds (e.g., mutant versus wild type, or infected versus control tissue) using two to several replicates in each data set at one or more time points with one or more replicates.
Two fundamental variations of microarray technologies are in common use. The first being represented by reasonably long large PCR fragments of the transcript of interest and the other using oligonucleotides representing regions of the transcript. One version of the latter technology that is in widespread use is GeneChip (Affymetrix, CA). In this version of the technology each transcript is represented by eleven or more oligonucleotides 25 nucleotides long and each of these also have another corresponding oligonucleotide with a mismatch in the exact middle nucleotide to account for nonspecific hybridization. The chips are hybridized with labeled cRNA representative of all the transcripts at a given point of time in the organism/tissue/cells. In principle, having perfect match and mismatch probes together with multiple probes representing each transcript should aid selective and sensitive identification of differential expression between two conditions being compared. These same features also add to significant degree of technical complexity. For example, physico-chemical features of sequences under a given hybridization condition, differing kinetics of hybridization, lead to differing signals for sequences representing the same transcript. In addition, cross-hybridization e.g., due to regions that are not sequenced in an organism, and lack of hybridization of certain probes make certain probe-pairs unusable thus reducing the effective usable number of probe-pairs. A common practice is to reduce the complexity of the multiple probe-pairs representing a probeset or transcript by extracting a single expression index after using an appropriate normalization technique [e.g., [4] [5] [6] . Statistical methods are applied to the expression index to identify differentials and reduce false discovery rate.
The quality of most downstream numerical analyses (clustering, etc.) and biological interpretations depend on the sensitive and selective identification of differentially regulated genes. Many new measures and adaptations of statistical tests are constantly being proposed with varying degrees of success and none being accepted as a most effective approach yet.
Some of these limitations can be overcome by directly dealing with probe level data rather than a summary expression index. This is complicated due to the same reasons highlighted above and sometimes due to computational cost involved with such an approach. Here a response surface approach together with a cost factor -comprising the number of valid probe-pairs and the t statistic from Student's t-test [7] -is proposed to identify dataset dependent threshold, to apply statistics to probe level data that would aid sensitive and selective identification of differentials.
METHODS
The GeneChip expression data set used in these analyses is from the Affymetrix dataset released for purposes of algorithm development, and based on HG-U133A-Tag arrays Experiments 2 through 5, replicates R1 through R3 (http://www.affymetrix.com/support/technical/sample_data/datasets.affx). This data set was generated using a hybridization cocktail consisting of specific RNA spike-ins of known concentration mixed with total cRNA from HeLa cell line, by Affymetrix. All probe sets starting with AFFX not part of the spike-ins of known concentration were removed for calculation of true and false positives involving spike-ins, since some of them had obviously discernible differences. Three probesets were reported to have perfect where j runs over probe-pairs, m is the number of probe-pairs used, and  is the standard deviation of t over selected probe-pairs.
For the preliminary evaluation on biological replicates, the data from human patients with aortic stenosis (samples JB-as_0806, JB-as_1504 and JB-as_1805 were compared against JB-as_2111, JB-as_2604 and JB-as_2708, hybridized to U75-Av2 chips), from constantly being proposed, statistics applied directly to probe-level data is an attractive alternative. As discussed earlier, several biological and sequence related issues complicate simple selection of a statistical threshold such as a p-value when using the Student's t-test. The following approach is motivated by the fact that the multiple independent features measured signifying the expression level of a transcript should in principle allow selection of a threshold that is appropriate to the noise in a particular dataset. In many well behaved dataset this threshold should be lower than a commonly acceptable threshold, e.g., t signifying p <= 0.05.
A Response surface model involving probe-pair number and statistical threshold
In order to study the performance of differential expression measured at probe level the response surface of sensitivity, positive prediction value, number of true positives and number of false positives were evaluated as a function of number of valid probe-pairs and a range of values for t (the Student's t statistic). This was done with triplicate datasets that had spike-ins of two fold difference with different probesets in concentration ranges (0 -512 pM) between the two datasets. A valid probe-pair was defined as one that has a minimum difference of average signal value (difference between signal for perfect match and mismatch) above background, and the ratio of averages is at least 1.1 (selected intuitively, but can be determined empirically for different datasets) and above threshold t, to avoid values in very close range. In addition, a condition that there are no more than one-fifth the probesets that had change in opposite direction was enforced. In general this latter condition was never a determining factor in selection of differentials in this dataset. This selection criteria for can be expressed as:
where n is the number of probe-pairs satisfying the conditions, t' is the threshold for t statistic, np is the threshold for number of valid probe-pairs, x ie and x ib is the signal value for probe-pair i, in experimental and baseline chips, respectively. The above equation
represents selection of probesets where the chip designated the experimental chip has higher value than the chip designated the baseline chip, the equation for probesets with value for baseline chip higher can be obtained by interchanging x ie and x ib . For example for a probeset that satisfies the threshold of 6 valid probe-pairs and t value of 7.0, at least 6 probe-pairs representing that probeset will individually have a t-statistic of 7.0 or above -all having the same direction of change. As can be seen from Figure 1A , and as expected, with increasing threshold of t and probe-pair threshold the positive prediction
value (PPV) increases i.e., a decreasing number of false positives are identified and sensitivity decreases i.e., lesser number of true positives are identified as differentials. 
Identification of optimal threshold
The above problem can in principle be viewed as area under the Receiver operating in Figure 2A suggests that it would be possible to achieve good sensitivity and selectivity for many np and t values thus potentially increasing the sensitivity of detection of small differentials and differentials in transcripts expressed at low levels. This can be achieved in principle by defining a cost factor consisting of the two parameters being tested. One form of defining such a cost adjusted effective number of positives picked (CAN eff ) would be:
The response surface for CAN eff as a function of t' and np is shown in Figure 2B . It can be seen from the surface of CAN eff ( Figure 2B ) that the largely flat area near the peak of N eff (in Figure 2A Table 1 .
The possibility of selecting a lower threshold and still being able to maintain high selectivity would especially be of interest (i) with certain datasets where there is a large increase in positives with a small reduction in threshold, whereas the training dataset indicative of variability in the experiment suggest that this would result in a very small number increase in selection of false positives, and (ii) for sensitive identification of small
differentials without significant loss of selectivity (illustrated in the next section with some test cases).
Evaluation of the threshold determined by ResurfP
The methodology outlined above is termed ResurfP, for Response surface assisted Parametic test. It can immediately be reckoned that lower the threshold that can give good selectivity, the better it is to select small differentials and differentials in transcripts with low expression levels. Thus, the advantage of the lowered threshold were evaluated by scaling one of the two datasets (i.e., the probe level data extracted as outlined in Table 2 . As expected, the lower thresholds lead to higher sensitivity of detection at any given level. It should be noted that even at the lower threshold (t', np) of (3,6), the differentials (average of three comparisons compared to maximum identifiable differentials defined below) identified were only 42%, 61%, 81% and 86% of 1.5, 2, 3 and 4 fold respectively, which further emphasizes the need for and importance of the proposed approach. At a threshold of (7.71, 6) these values were significantly lower viz., 30%, 47%, 63% and 70%, respectively. For the purpose of calculating percentage of differentials identified the maximum identifiable differentials was set at 21,485, which is the differentials (average of three comparisons)
identified at the threshold of (t' = 4, np = 5) with a scaling factor of 10. A steep decline face on the surface of Figure 2B (right hand side) with increasing probe-pair threshold together with results indicated in Table 2 also indicate a higher penalty for increasing the probe-pair threshold than for increasing t statistic threshold. Additionally, these data indicate that an appropriate choice of a lower probe-pair threshold can lead to significantly higher number of true differentials without concomitant increase in false positives.
In order to have a preliminary idea of the nature of probesets/transcripts that are selected and are missed in this study, the distribution of the expression indices (to simplify the representation) of these probesets for one of the thresholds (t',np) of (3,7) is shown in Figure 3A . As can be seen from this figure and as expected the distribution of the expression indices of probesets, low expressors are detected better at higher differential ratios. Conversely, almost all the probesets missed at higher differential ratios were low expressors, which is consistent with observations that there is high variability in the low detection ranges.
The optimal application of ResurfP on biological samples with different properties need additional testing with an independent confirmation using another technology.
Nevertheless, the results of a preliminary evaluation to test if the lower threshold identified by ResurfP would lead high false positives when tested on biological replicates are very encouraging. For this purpose (t',np) thresholds of (3,6) and (3, 8) were tested on one set of biological replicates from cardiogenomics website (see methods). For this purpose, data from six human patients with aortic stenosis were split into two groups (of triplicates) and the method was evaluated. This lead to identification of only 52 and 21 of 12,624 probesets at (3,6) and (3, 8) , respectively, even though this chip type consisted of
Ranking differential genes identified
Another useful parameter will be to rank the genes in order of significance. For this purpose, the product of the number probe-pairs contributing to selection and the weighted average of the statistic t of those probe-pairs was evaluated. The resultant ranking index was used to order the probesets with ranks decreasing with ranking index.
The results shown in Figure 3B indicated a tendency of probesets with higher expression levels to have higher rank, indicating higher reliability at higher signal intensities. The approach proposed here determines data specific statistical threshold and a probepair threshold required for optimal selection of differentials using a response surface assisted model. In addition to the use of the response surface two simple equations are formulated: one to determine the optimal selection of true positives with maximal combination of sensitivity and selectivity, and other to achieve this goal considering the cost for this selection. The latter aids selecting the optimal threshold with the least cost.
DISCUSSION
In this case, the cost factor is a simple additive value between the statistic t the number 
